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1 These authors contributed equally to this work.The ﬁrst 17 amino acids of Huntingtin protein (N17) play a crucial role in the protein’s aggregation.
Here we predict its free energy landscape in aqueous solution by using bias exchange metadynam-
ics. All our ﬁndings are consistent with experimental data. N17 populates four main kinetic basins,
which interconvert on the microsecond time-scale. The most populated basin (about 75%) is a ran-
dom coil, with an extended ﬂat exposed hydrophobic surface. This might create a hydrophobic seed
promoting Huntingtin aggregation. The other main populated basins contain helical conformations,
which could facilitate N17 binding on its cellular targets.
 2011 Published by Elsevier B.V. on behalf of the Federation of European Biochemical Societies.1. Introduction
Huntington disease (HD) is an autosomal-dominant neurode-
generative disorder, for which there is no cure [1,2]. It is caused
by expanded CAG trinucleotide repeats in the gene that encodes
the large (3500 amino acids) protein Huntingtin (Htt). The result-
ing mutant, with an extended polyQ tract in the N-terminal region,
interacts abnormally with other proteins leading to neuronal dys-
function [2].
Recently, in vivo [3–5], in cell [6–8], in vitro [9–11] and in silico
studies [12] showed that the N-terminal 17 amino acids fragment
(sequence: MATLEKLMKAFESLKSF – N17 hereafter), modulate Htt
ﬁbrillation. This might arise by a variety of mechanisms, including
changes in subcellular localization, nucleation of aggregation and/
or interaction with cellular partners [5].
Understanding these mechanisms greatly beneﬁts from struc-
tural information. NMR [10], CD [10,11] and FRET [10] have
established that N17 in aqueous solution does not exhibit one
unique structure. It adopts predominantly unfolded, random-coilon behalf of the Federation of Euro
ntingtin protein; N17, ﬁrst
amics; BEM, bias exchange
l Physics Sector, International
OCRITOS, Via Bonomea 265,conformations with transient helical conformations [10].
Indeed, peptides in solution can exist in equilibrium between
different conformations [13–17]. Experiments have so far
provided information only on averages between the populations
of different conformers at room temperature in ms time-scale for
the NMR and CD technique. Neither the secondary structure
content nor the tertiary structure for each conformer is
known.
All atom – molecular dynamics (MD) simulations running on
tailored machines or on massive collective calculation initiatives
(such as folding@home) are a powerful tool to predict the struc-
tural determinants of peptides in solution. At times the latter can
be predicted also by free energy calculations as a function of a
few collective variables (CVs) (see, e.g. [18,19]). Here we use one
of these methods, bias exchange metadynamics (BEM), to describe
the thermodynamics and the kinetics of N17 in aqueous solution at
room temperature. BEM has been already used to address similar
problems (see, e.g. [20]).
2. Materials and methods
N17’s extended coil conformation was built with the Modeller
9v8 program [21]. The D and K residues were considered to be in
their ionized state. The peptide was inserted into a cubic box (vec-
tor 7.18 nm) of 4100 water molecules and one chloride ion added
to achieve electroneutrality. Periodic boundary conditions were
applied. The AMBER (parm99) [22], Aqvist [23], and TIP3P forcepean Biochemical Societies.
Table 1
Selected properties of the four basins emerging from our calculations.
Basin Population (%) Gyration radius (nm) SASA (nm2) Phobic area (nm2) Phylic area (nm2) End-to-end distance (nm)
B1 11 0.83 ± 0.01 27.30 ± 0.08 12.84 ± 0.03 14.45 ± 0.06 1.77 ± 0.06
B2 75 1.08 ± 0.01 29.45 ± 0.04 13.27 ± 0.02 16.18 ± 0.03 2.45 ± 0.04
B3 10 0.96 ± 0.01 28.35 ± 0.09 12.92 ± 0.04 15.43 ± 0.06 1.11 ± 0.04
B4 4 0.84 ± 0.01 27.88 ± 0.10 12.60 ± 0.05 15.27 ± 0.06 2.24 ± 0.06
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respectively. Long-range electrostatic interactions were calculated
with the particle mesh Ewald [25] method. A grid spacing of
0.12 nm was used. A fourth-order cubic spline interpolation [26]
was used to compute the potential and forces between grid points.
The cutoff radius for the real part of electrostatics, as well as that
for the Lennard-Jones interactions, was set to 1.2 nm. The NPT
(T = 300 K, P = 1 bar) ensemble was simulated using the Nosè-Hoo-
ver [27] and Andersen-Parrinello-Rahman [28] coupling schemes
for temperature and pressure, respectively. The LINCS algorithm
[29] was used to constrain all bond lengths involving hydrogen
atoms. The time-step was set to 2 fs. The system underwent
100,000 steps of energy minimization whilst imposing harmonic
position restraints of 1000 KJ/(molnm2) on water. It was then
heated from 0 to 300 K by increasing the temperature by 25 K
every 100 ps of MD. It then underwent 100000 steps of energy
minimization and ﬁnally 20 ns of MD. The simulations were per-
formed with the GROMACSv4.0.7 program [35]. The free energy
was calculated using BEM [30] as a function of six dimensionless
collective variables (CVs, see Supplementary data for details). The
ﬁrst three (CV1, CV2, CV3) count the number of hydrophobic con-
tacts, of Ca contacts, and of backbone hydrogen bonds. CV4 and
CV5 monitor the helical content in the whole and central part of
the peptide. CV6 is the dihedral correlation between successive w
dihedrals. The Gaussian widths (3.0, 6.0, 3.0, 0.6, 0.6 and 0.6 for
CV1–CV6, respectively) were optimized as in Ref. [31]. The total
bias simulation time was 240 ns (40 ns for replica). Convergence
was reached after 12 ns in each replica. The CV space was dividedFig. 1. Four basin (B1–B4) of N17 in aqueous solution emerging from this computation
deﬁned as the cluster with lowest free energy in the basin. Only the attractors’ structure
structures of B1 are colored in red, those of B2 in blue, those of B3 in yellow and those of
errors are reported. Dotted arrows are used for rates >2 ls.in a grid of clusters [20]. The free energy of each cluster is esti-
mated by a weighted-histogram approach [32]. The average value
of observables <O>, including all properties of Table 1) was calcu-
lated as: hOi ¼PiðOi  expðFi=TÞÞ=
P
iðexpðFi=TÞÞ, where the
sums run over all the clusters, T is the temperature and Oi is the
average value of O in the cluster i. If the cluster size is small en-
ough, the bias potentials are approximately constant for the conﬁg-
urations belonging to the same cluster [33].
The transition rates between each cluster are estimated by the
kinetic model described in [20], where a Markovian diffusive
behavior is assumed [34] (see Supplementary data). Estimations
of thermodynamic and kinetic properties require ﬁnding the min-
imal number of independent CVs able to describe with a good sta-
tistic the behaviors of the clusters. These turn out to be here CV2,
CV4, CV5 and CV6. The set of clusters was thus deﬁned by partition-
ing this 4 dimensional CV space in small hyper-rectangles of sizes
9.2, 1.19, 0.6 and 1.27, respectively, for each CV.
The helix propensity, hydrophobicity and number of buried res-
idues of N17 as well as those of the mutants in Table 1 were esti-
mated using the AGADIR [36] at http://agadir.crg.es/), PEPINFO
[37] at http://emboss.sourceforge.net/ and JPRED3 [38] at http://
www.compbio.dundee.ac.uk/, respectively.
3. Results and discussion
Our calculations suggest that there are four kinetic basins of
N17 in aqueous solution at 300 K (B1–B4 in Fig. 1). Each of them
is characterized by a population and by an attractor, which is de-al study. B1–B4 are characterized by their population and by their attractor. This is
s and their correspondent Ramachandran plots are shown for clarity. The attractors
B4 in grey. The calculated interconversion rates with their corresponding statistical
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ters belonging to each basins are not necessarily identical in struc-
ture, but are kinetically connected: namely the transition time
between them is typically much smaller than the one between
clusters belonging to different basins [20].
The largest population by far is that of basin B2 (75%). B2 fea-
tures extended-coiled and highly solvated conformations. Its
hydrophobic side chains are located only on one side. B1 and B3,
whose populations are 11% and 10%, respectively, feature a signif-
icant—albeit not full—helical content: residues from 1 to 11 and
from 1 to 7 are preferentially in helical conformations for B1 and
B3, respectively. Consistently, the structure corresponding to a
fully formed alpha helix is much higher in free energy (28 kJ/
mol) than B1 and B3 attractors. B1 is more compact than B3, as
can be seen from its smaller gyration radius and Solvent Accessible
Surface Area (SASA, Table 1). As a result, B1 and B3 have a similar
hydrophobic area (Table 1). However, B1’s hydrophobic side chains
are located on one side of the helix (as in the case of B2), whilst
those of B3 are spread around all the helix (Fig. 2). Thus, B1 has
amphiphilic properties, whilst B3 not. Finally B4, whose population
is only 4%, has globular compact coiled structures. It is distin-
guished from B2 by its signiﬁcantly lower gyration radius and its
smaller SASA (Table 1).
The accuracy of our ﬁndings is established by comparison with
NMR [10], CD [10,11] and FRET [10] derived structural information.
To make a meaningful comparison, we determine the time scale
over which the conformations interconvert. If the interconversion
time is smaller than that of laboratory experiments, the properties
are measured as an average over the four basins. Otherwise, com-
puting the properties of each basin separately is more appropriate.
The interconversion kinetic constants (Fig. 1), estimated as in Ref.
[39], range from 1 to 200 ls. This is at least 1 order of magnitude
smaller than the time-scale typical of NMR and CD experiments,
which are on a ms time-scale. Conversely, it is 3–4 orders of mag-
nitude larger than the timescale of FRET experiments. The NMR
and CD derived structural determinants are hence calculated asFig. 2. Side and Top views of the hydrophobic side chain distribution of B1–B4. Color
structure in B1 and B2.averages, whilst those derived from FRET are calculated for each
basin.
The 2D proton TOCSY and NOESY NMR spectra show that N17
adopts predominantly unfolded, random-coil conformations [10].
Our calculations are consistent with this ﬁnding, as our most pop-
ulated cluster is in a random coil conformation. In addition, the
NOESY spectrum [10] indicates that the Thr3Ha-Glu5HN distance
is 0.4–0.5 nm. This points to the transient existence of a few resi-
dues in the a-helix conformation [10]. Our calculations are also
consistent with this ﬁnding: the calculated distance between the
two protons is 0.49 nm, close to the a characteristic NOESY
cross-peak value (0.44 nm).
CD studies estimate that N17’s helical content in water is 37%
[11]. Our calculated value (29%) is not too dissimilar from that
evaluation. FRET studies estimate that N17’s end-to-end distance
of 2.40 ± 0.05 nm [10]. The calculations agree fairly with this ﬁnd-
ing. The value of the most populated basin (B2) is close to the
experimental value (Table 1).
In conclusion, our predictions are consistent with the available
experimental biophysical data. They suggest that the main popu-
lated state (75%) is a random coil, with an amphipathic nature
characterized by an extended a ﬂat exposed hydrophobic surface.
The latter may be crucial for the role of N17 for Htt oligomerization
because such surface (i) may create a hydrophobic seed around
which ﬂanking polyQ tract may collapse [2,5,40,41] and (ii) pro-
mote hydrophobic-force driven associations between Htt N-termi-
nal fragments [10]. The other signiﬁcantly populated basins
assume an amphipathic helical conformation, from residues from
1 to 11 and 1 to 7. Such conformation could facilitate the binding
on N17’s target surface. This is consistent with the proposal that
N17 assumes a helical fold by binding to a variety of cellular part-
ners [42–44]. This in turn might impact on ﬁbril formation [44,45].
A variety of mutants of N17 are non-amyloidogenic (Table 1). In
several of them, the nature of one or more residues changes from
apolar to polar or viceversa (Table 1). This is expected to decrease
the very large content (86%) of amphiphatic conformations of N17.coding as in Fig. 1. N17’s hydrophobic amino acids are located on one side of the
G. Rossetti et al. / FEBS Letters 585 (2011) 3086–3089 3089In addition, the calculated folding propensity of these mutants
turns out to differ signiﬁcantly from that of N17 (Table 1, Supple-
mentary data, see Methods for calculation details). This holds even
in the case that only a single point mutation is introduced (the
N17(T3A) peptide). We conclude that a decrease in amphipathy
and/or changes in conformation population may be important fac-
tors for the experimentally observed decrease of ﬁbril formation in
the mutants reported in Table 1.
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